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Abstract. Scene and object reconstruction is an important problem in robotics,
in particular in planning collision-free trajectories or in object manipula-
tion. This paper compares two strategies for the reconstruction of non-
visible parts of the object surface from a single RGB-D camera view. The
first method, named DeepSDF predicts the Signed Distance Transform to the
object surface for a given point in 3D space. The second method, named Mir-
rorNet reconstructs the occluded objects’ parts by generating images from
the other side of the observed object. Experiments performed with objects
from the ShapeNet dataset, show that the view-dependent MirrorNet is faster
and has smaller reconstruction errors in most categories.
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1. Introduction

Robots observing the scene utilize onboard RGB-D cameras to collect infor-
mation about the shape of the objects. However, the full geometry of the scene
cannot be registered from a single view due to occlusions. Some methods for
grasping objects deal with incomplete data and perform well even though the full
3D model is unknown [1]. In this research, we are focused on the solutions that
directly reconstruct the entities on the scene. The example object reconstruction
scenario is presented in Fig. 1. The object reconstruction method that can be ap-
plied in robotics should be capable of reconstructing a full model of an entity
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observed from a single RGB-D camera view. The features extracted by the con-
sidered solutions are potentially valuable for other robotics tasks e.g. grasping [2].

Multiple scene reconstruction techniques utilize 3D grids [3, 4] but these meth-
ods suffer from resource consumption growth when the resolution of the model is
increased. Recently the Neural Scene Representation model based on Radiance
Fields (NeRF) has been proposed [5]. This solution has superior accuracy but is
designed for generating images from various viewpoints for static scenes. This
property limits the possible applications in robotics. In contrast, DeepSDF [6]
can be used to reconstruct various objects from a single view and represent them
as a Signed Distance Transform (SDF). Other methods are designed to generate
depth images of the observed objects from various viewpoints [7]. Thus, the ob-
tained images are used to reconstruct a full 3D model of the entity. In this pa-
per, we compare the view-dependent approach based on image generation named
MirrorNet [7] with the SDF-based neural representation operating directly in the
continuous 3D space [6].

a b c

Figure 1. Example application scenario of the objects reconstruction system: the
robot observes a 3D object from a single view (a). The incomplete model of the
object (point cloud) (b) is provided to the input of the neural network to obtain a
full model of the object (c). Source: own work.

2. Comparison between DeepSDF and MirrorNet

In this paper, we compare two representative approaches for scene reconstruc-
tion. The DeepSDF method [6] utilizes a fully-connected neural network to predict
the Signed Distance Transform to the surface of the object for the given point in
the 3D space. During the inference, the latent space, that describes the object, is
estimated from the partial view. Then, the object is reconstructed by sampling the
3D space and generating new points. The second method proposed in [7] recon-
structs the occluded parts of the objects by generating images from the other side
of the observed object. It utilizes the depth image from the given position of the
camera and the depth image obtained by projecting the input point cloud to the
virtual position of the camera. In this case, a Convolutional Neural Network is
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Table 1. Comparison of the reconstructed results obtained for the view-dependent
model (MirrorNet) [7] and DeepSDF [6].

method metric bottle can helmet jar laptop mug

MirrorNet
dC [m] 0.06836 0.1402 0.1156 0.0749 0.1967 0.1843
dH [m] 0.0997 0.1647 0.1673 0.1257 0.2606 0.2176

DeepSDF
dC [m] 0.09764 0.1486 0.0724 0.0803 0.1437 0.1125
dH [m] 0.3143 0.4162 0.3098 0.3071 0.4062 0.3596

used to generate depth images.
Both methods are designed to operate in slightly different conditions. DeepSDF

requires depth observations in the canonical shape frame of reference. The Mirror-
Net does not have this limitation but directly utilizes noisy depth camera images
from the real robot [7]. To compare both methods in the same condition, we select
6 representative categories of graspable entities from the ShapeNet dataset [8]. For
each category, we selected 30 instances of objects to prepare the training datasets.
To train the DeepSDF, we utilize a 3D mesh model of the objects located in the
global frame and scaled to fit the unit sphere. To generate training data for the
MirrorNet, we collect images generated for random positions around the object.
For testing, we use randomly generated views of objects for another 10 instances
of objects from the categories that were used for training.

3. Results

The obtained results are presented in Tab. 1. We utilize Chamfer dC and Haus-
dorff dH distances [9] to quantitatively evaluate the reconstruction results in 3D
space. Both systems return similar results regarding the Chamfer distance dC . De-
spite the visually better reconstruction of the objects by the MirrorNet, the obtained
3D model does not cover the whole surface which results in worse numerical re-
sults for the Chamfer distance. When the Hausdorff distance dH is compared the
model returned by the MirrorNet is 2-3 times better than the model given by the
DeepSDF.

The example reconstruction results obtained from the MirrorNet and DeepSDF
are presented in Fig. 2. The first visible difference is the number of points gener-
ated by the algorithms which is much smaller for the MirrorNet. The DeepSDF can
generate higher number of points but the generation time significantly increases to
15.04 seconds per object (using GPU RTX 3060). For better results with DeepSDF,
we increased the number of points drawn in preprocessing from 250,000 to 5 mil-
lion and introduced a threshold for negative SDF values. The introduction of the
threshold was necessary because the algorithm had problems calculating SDF val-
ues for an incomplete object mesh from a single view. DeepSDF fails to recover the
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Figure 2. Example reconstruction results (point clouds) obtained for the view-
dependent MirrorNet (top row) and DeepSDF (bottom row) compared to the
ground truth models: bottle, mug, can, and laptop. Source: own work.

handle of the mug and the laptop. Also, DeepSDF does not preserve the rounded
shape of the can. The view-dependent MirrorNet is fully convolutional so it gen-
erates images in about 22 milliseconds. This method preserves the shape of the
objects but some surfaces of the objects are not reconstructed because they are
not observed from the input and generated camera view. Also, MirrorNet gener-
ates random sparse points between the reconstructed surface and the camera pose.
However, these points can be easily removed using voxel-based filters.

4. Conclusions

In this paper, we compare two neural network-based models that reconstruct
the model of the objects from a single camera image. We have chosen the Mir-
rorNet which generates the depth image of the object from the opposite pose of
the camera and DeepSDF which operates directly in the 3D space. Our experi-
ments show that the view-dependent approach returns more accurate reconstruc-
tion results. Moreover, the view-dependent approach is significantly faster than
DeepSDF (22 ms for inference using MirrorNet and 15000 ms for DeepSDF)
which requires optimization and 3D space sampling during the inference.

In the future, we are going to extract the features from the view-dependent
models of the objects and use them for efficient grasping and manipulating objects
from a single camera view.
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